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Due to the memory limitation and lack of computing power of consumer level computers, there is a need for suitable methods to
achieve 3D surface reconstruction of large-scale point cloud data. Amethod based on the idea of divide and conquer approaches is
proposed. Firstly, the kd-tree index was created for the point cloud data. /en, the Delaunay triangulation algorithm of multicore
parallel computing was used to construct the point cloud data in the leaf nodes. Finally, the complete 3Dmesh model was realized
by constrained Delaunay tetrahedralization based on piecewise linear system and graph cut. /e proposed method performed
surface reconstruction on the point cloud in the multicore parallel computing architecture, in which memory release and
reallocation were implemented to reduce the memory occupation and improve the running efficiency while ensuring the quality of
the triangular mesh./e proposed algorithmwas compared with two classical surface reconstruction algorithms usingmultigroup
point cloud data, and the applicability experiment of the algorithm was carried out; the results verify the effectiveness and
practicability of the proposed approach.

1. Introduction

/e 3D surface reconstruction of point cloud data is a critical
problem in the field of computer vision, and many scholars
have done extensive research on it. Traditional surface re-
construction approaches of point cloud include explicit and
implicit mesh reconstruction methods. Explicit methods
seek to directly triangulate point cloud data, while implicit
methods obtain the final triangulation by reconstructing the
implicit function f(p) � 0 and extracting the iso-surface of
the function, where p represents the triangulated point cloud
data. Two categories of surface reconstruction methods have
their own advantages and disadvantages [1]. /e recon-
struction based on explicit method is fast and has rich in-
formation of mesh, but the algorithm is limited by the
amount of data. When the amount of data is large, it will
cause a normal computer to run out of memory and fail to
process [2–5]. /e implicit method can process the point
cloud data with noise but the surface details of the original
model may be lost in the process of mesh reconstruction,

and the algorithm usually requires massive calculation [6, 7].
/erefore, it is necessary to design an efficient and feasible
mesh reconstruction scheme for large-scale point cloud data
by combining the advantages of explicit and implicit
methods.

1.1. Previous Work on Delaunay Triangulation and Large
Point Sets. Since Delaunay triangulation is the dual of the
Voronoi diagram, it can be constructed quickly in 2D or
higher dimensions, so it has important application in 3D
geometric reconstruction. Several classic Delaunay trian-
gulation algorithms were tested by Su and Drysdale [8], and
the performance of different algorithms was compared.
Although Delaunay triangulation has been studied for many
years, the mesh reconstruction problems of large-scale point
sets are not trivial, including efficiency of mesh generation,
the mesh reconstruction of unevenly distributed point
clouds, and mesh fusion. In order to improve the efficiency
of mesh generation, parallelization of Delaunay

Hindawi
Mathematical Problems in Engineering
Volume 2020, Article ID 8670151, 14 pages
https://doi.org/10.1155/2020/8670151

mailto:1650947689@qq.com
https://orcid.org/0000-0001-9813-651X
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/8670151


triangulation has been proposed by many researchers. Chen
et al. [9] implemented Delaunay triangulation of two-di-
mensional point clouds by using parallel computing. Kohout
and Kolingerová [10] proposed a parallel algorithm for
Delaunay triangulation based on a randomized incremental
insertion algorithm parallelized with swaps. /e algorithm
has a simple implementation and good efficiency. Batista
et al. [11] conducted multi-core parallel computation on
several geometric algorithms and achieved good results.
Although the Delaunay triangulation algorithm based on
parallel computing can improve the efficiency of mesh re-
construction to a certain extent, the algorithm occupies a
large amount of computer memory for large-scale point
cloud datasets [12].

For the 3D surface reconstruction of large-scale point
cloud data, Isenburg et al. [13] proposed a Delaunay tri-
angulation based on streaming computation, which realized
the mesh reconstruction of large-scale point cloud data.
However, the algorithm could not achieve the surface re-
construction of point clouds with uneven distribution. Lo
[14] used the parallel incremental insertion of partitions to
construct the Delaunay tetrahedron, which improved the
efficiency of surface reconstruction, but the algorithm still
occupied a large amount of computer memory when dealing
with greater than 50 million points [12]. Wu et al. [15]
dynamically scheduled mesh reconstruction of point clouds
and mesh merge threads in the form of streaming com-
putation, which reduced the memory usage of the computer.
However, the algorithm is not suitable for the situation of
unevenly distributed point clouds and it is difficult to merge
the mesh between independent blocks. Vu [16] used graph
cut algorithm to realize the mesh reconstruction of multi-
view stereo point clouds based on the idea of divide and
conquer, but this algorithm has the problem of insufficient
performance when processing very large-scale point cloud
data [17]. Li [18] created a quadtree index to divide the point
cloud data and assigned the mesh reconstruction of seg-
mented point clouds and mesh merging to different pro-
cessors to reduce memory, improving the efficiency of mesh
reconstruction through multi-core parallel computing.
However, the algorithm is not suitable for point clouds with
special conditions such as cluster, uneven, and band dis-
tribution. Cao et al. [19] proposed a 3D Delaunay trian-
gulation with GPU parallel acceleration, which can greatly
reduce the run time of surface reconstruction, but it did not
provide an effective solution in memory management.
Boltcheva and Lévy [20] realized the surface reconstruction
based on the parallel constrained Voronoi cells and extracted
the manifold mesh. /is algorithm has good time perfor-
mance and can realize the mesh reconstruction of 100-
million-point cloud in a few minutes, but they note in their
paper that it cannot reconstruct mesh of 100-million-point
cloud on 16GB computer.

1.2. Previous Work on Constrained Delaunay
Tetrahedralization. /e concept of constrained Delaunay
triangulation in two-dimensional space was first proposed
by Lee and Lin [21]. /ey pointed out that the triangulation

that obeys constraints always exists in two-dimensional
space, which does not need to add additional Steiner points.
And its essence is the triangulation of a set of points that
comply with the constraint of edges or faces. However, not
all polyhedrons can be tetrahedralized in three-dimensional
constrained Delaunay tetrahedralization (such as Schon-
hardt’s polyhedron [22]), and additional Steiner points need
to be added to achieve the tetrahedralization.

/ree-dimensional constrained Delaunay tetrahedrali-
zation was first proposed by Shewchuk, who gave sufficient
conditions for the existence of constrained Delaunay tet-
rahedralization and proposed that the Steiner points only
need to be added to the input edges [23]. Subsequently, some
related algorithms of constrained Delaunay tetrahedraliza-
tion with Steiner points inserted at the boundary were
proposed [24, 25]. Si [26] pointed out that there are two key
problems in the three-dimensional Delaunay tetrahedrali-
zation. One problem is the determination of Steiner points,
and the other problem is the Delaunay refinement algorithm
to avoid very short edges. A series of work was carried out in
response to these problems and achieved good results. In
terms of determining Steiner points, Shewchuk [23] inserted
the Steiner point into the midpoint of the boundary edge,
but this method would cause a lot of extra Steiner points to
exist. Si [25, 27] adaptively inserted Steiner points on the
boundary edge according to a series of new point criteria.
/is method greatly reduces the number of Steiner points.
After all boundary edges have been restored, some related
algorithms for restoring missing boundary facets without
inserting Steiner points were proposed, which have good
implementability [24, 25]. In terms of Delaunay refinement,
Shewchuk [28] extended two-dimensional Delaunay refine-
ment algorithm [29] to three dimensions and realized the
mesh refinement in three-dimensional space. Subsequently, Si
[26] proposed a constrained Delaunay mesh refinement al-
gorithm based on the work of Shewchuk, which set a re-
striction of the local mesh sizing information for the insertion
of the circumscribed center of the tetrahedron. Shewchuk and
Si [30] dealt with the problem of generating too many small
tetrahedrons in the small angle area of boundary by the
Delaunay tetrahedral mesh generator using the constrained
Delaunay tetrahedralization. Among them, a TetGen mesh
generator [31] developed by Si was used to generate tetra-
hedral meshes and perform Delaunay tetrahedralization,
which has been widely used in 3D reconstruction. It should be
pointed out here that the implementation of constrained
Delaunay tetrahedralization of this paper is based on TetGen.
TetGen is written by C++, which can be compiled into a
library and applied to the 3D reconstruction program under
Windows operating system in this paper.

1.3. Previous Work on Graph Cuts. Graph cut algorithm is a
very useful and popular energy optimization algorithm,
which has the advantages of fast speed and strong appli-
cability and has been widely used in the field of computer
vision [32, 33]. In the field of mesh reconstruction, many
researchers have realized the surface reconstruction of point
cloud data based on the graph cuts.
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Hornung and Kobbelt [34] and Lempitsky and Boykov
[35] used the graph cut algorithm to implement mesh re-
construction of point cloud data based on the minimum
surface frame proposed by Boykov and Funkalea [36].
Labatut [37, 38] used the three-dimensional Delaunay tri-
angulation to obtain the Delaunay tetrahedron of the 3D
point set and used the graph cut energy optimization
function to realize the mesh extraction of Delaunay tetra-
hedron. Similarly, some related surface reconstruction al-
gorithms applied graph cuts to extract triangles of Delaunay
tetrahedron [39–42]. Although these algorithms differ in the
construction of the function term of the graph cut energy
equation, they all used the global graph cut optimization to
realize the mesh reconstruction of point cloud. Similar to the
extraction of surface from Delaunay tetrahedron using
graph cut algorithm, after implementing the constrained
Delaunay tetrahedralization of overlapping area point cloud,
this paper uses graph cut energy optimization algorithm to
label the tetrahedron and extract the final surface.

With the increase of the problem size of large-scale point
sets from thousands of points to millions of points, it is
necessary to propose an efficient and feasible scheme to
achieve surface reconstruction. Considering the advantage
that the kd-tree index can achieve the same number of point
clouds in each area after being divided without being affected
by the point cloud distribution [43, 44], based on the idea of
divide and conquer and the advantages of the traditional
Delaunay triangulation algorithm, this paper presents a
Delaunay triangulation algorithm based on kd-tree index for
surface reconstruction of large-scale point cloud data.
/rough kd-tree index construction of point cloud, 3D
Delaunay triangulation algorithm is used to reconstruct the
mesh of divided point cloud data. Based on constrained
Delaunay tetrahedralization and graph cut algorithm, the
overlapping regions of each block are merged to achieve 3D
surface reconstruction of large-scale point cloud data.

2. Background

2.1. Piecewise Linear System. /e piecewise linear system
[31] (abbreviated as PLS) is a finite collection χ consisting of
points, lines, faces, and polyhedral (collectively called cells).
Its dimension represents the maximum dimension of the
polyhedron, written as dim(χ), and underlying space of χ is
defined as |χ| � ∪P∈χP, where ∪P∈χP is the area to be tri-
angulated. /e PLS needs to meet the following attributes:

(1) If cells P ∈ χ, all faces of P are contained in χ
(2) If cells P, Q ∈ χ, then the intersection between them

belongs to the cells combination in χ
(3) If dim(P∩Q) � dim(P), P≠Q, then P⊆Q,

dim(P)< dim(Q)

/e PLS definition does not allow its monomers to il-
legally intersect. For example, the two segments of χ can only
intersect at a common vertex, which belongs to χ; the in-
tersection of two faces of χ can only be a shared segment or
vertex or the set of the vertices and line segments, and it lies
within χ. In order to use the boundary of PLS as the

constraint of Delaunay tetrahedralization, PLS allows
monomers (points, lines, faces) to float in the polyhedral
region, so that boundary conditions can be used in these
monomers. An example of a PLS is shown in Figure 1.

A k-simplex σ is a convex hull of k + 1 affine inde-
pendent points. For example, 0-simplex, 1-simplex, 2-sim-
plex, and 3-simplex correspond to vertices, boundary lines,
triangles, and tetrahedrons, respectively. A simplex S is a
finite set of simplex, and the underlying space is the union
set of all simplexes in S.

2.2. Constrained Delaunay Tetrahedralization. Assuming
that χ is the finite set of PLS inR3, the constrained Delaunay
tetrahedralization of χ is divided into the simplicial complex
T that obeys edges and faces of χ, and each simple in T needs
to satisfy one of the following constraint Delaunay criteria:

(1) /e circumscribing sphere of the tetrahedron σ does
not contain any vertices of χ, or these vertices are not
visible relative to the inside of the tetrahedron. As
shown in Figure 2(a), there are the face F⊆χ, the
vertices a, b, c, p ∈ F, the edge ab ∈ χ. d, q and c, p are
not visible due to the segmentation of face F and edge
ab, the circumscribed sphere of tetrahedral abcd

contains point q, but the vertex q is not visible from
inside tetrahedron abcd, and the circumscribed sphere
of tetrahedral abcd does not contain the vertices p,
which satisfies the constrained Delaunay criterion.

(2) Suppose s is a triangle in T, if s belongs to the only
tetrahedron in T, or s is the common plane of the
tetrahedron t1 and t2, and the circumscribed sphere
of t1 (t2) does not contain the vertices of t2 (t1), then,
s satisfies the constraint Delaunay criterion, as
shown in Figure 2(b).

Since not every PLS can be segmented by tetrahedron,
additional Steiner points can be added so that the Delaunay
tetrahedralization of PLS is always present [23, 26]. Si [26]
constructed a new PLS χ′ consistent with the underlying
space of χ by inserting Steiner points at the boundary of PLS
χ, so that all edges of χ′ are Delaunay edges, satisfying the
strongly Delaunay condition proposed by shewechunk [23].
In this paper, the constrained Delaunay tetrahedralization is
used to realize the reconstruction of the tetrahedron of the
overlapping area in the mesh merging. /e specific process
of constrained Delaunay tetrahedralization is as follows.

First, the segments and facets in PLS are scattered into
small segments or triangles, and the Delaunay tetrahedral-
ization of the discrete vertex set and constraint point set is
performed; Second, the existence of each discretized small
segment or small triangle in the tetrahedral mesh is checked.
And if it does not exist, it is restored by using the constrained
Delaunay tetrahedral criterion. /en, if the segments and
triangles of the boundary are encroached by other nodes,
they are subdivided according to the corresponding new
point criterion until all the small triangles and segments are
not encroached by other nodes. Finally, the quality of the
mesh cells is optimized according to the given quality limit
parameters (e.g., radius-edge ratio between the radius of the
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circumscribed sphere of tetrahedron and the length of its
shortest edge and dihedral angle between two faces), and the
mesh cells outside the boundary are deleted.

2.3. Surface Extraction by Graph Cuts

2.3.1. Graph Cuts. Let a finite directed graph with a set of
nodes v � v1, . . . , vn  and edges ε with non-negative weights
wij be denoted as G � (v, ε). Each node in graph G � (v, ε) is
connected to two special vertices, the source s and the sink t,
and the corresponding non-negative weights are si and ti. /e
graph cut problem is to find two sets of disjoint point sets S
and T such that S∪T � v, S∩T � ∅.

/e graph cut cost of s-t is the sum of the capacities of all
edges and has the following expression:

cost(S,T) � 

vi∈S\ s{ }

vj∈T\ t{ }

ωij + 
vi∈S\ s{ }

ti + 
vj∈T\ t{ }

si,

(1)

where cost(S,T) is a similarity measure between point sets
S and T.

/e smallest s-t cut problem is to find the set of pointsS
and T with the smallest cost(S,T), and it is equivalent to
the problem of calculating the maximum flow from s-t
[32, 36, 45]. Such a graph cut algorithm can be regarded as
the binary labeling problem of nodes.

2.3.2. Surface Extraction. After obtaining the results of
constrained Delaunay tetrahedralization, graph cut algo-
rithm is used to mark Delaunay tetrahedron as inside and
outside and then extract triangles between adjacent tetra-
hedrons with different labels to obtain the final mesh model.
Let the nodes correspond to Delaunay tetrahedrons, where
each node is connected to source s and sink t, and the edges
correspond to the common triangle between adjacent

tetrahedra. /us, a directed graph cuts G � (v, ε) can be
constructed. According to the visibility order of each node in
the point sets, the label assignment problem can be trans-
formed in to an energy minimization problem. /e energy
function is constructed as follows:

E(S) � Edata(S) + Equality(S), (2)

where S is the extracted surface ofmodel,Edata(S) represents the
data item and is used to measure visibility information of each
node, and Equality(S) represents the surface quality item and is
used to the smooth the sharp triangles on the mesh surface.

/e mesh merge algorithm in this paper is based on the
method of Vu [16], which is shown in Section 3.3. During the
surface extraction process, Vu performed constrained Delau-
nay tetrahedralization on overlapping area of the mesh and
extracted the surface by graph cuts to realize meshmerging. Let
Edata(S) � vi∈S\ s{ }ti + vj∈T\ t{ }sj, Equality(S) � vi∈S\ s{ },vj∈T\ t{ }

wij; the sets S and T, respectively, represent tetrahedrons in
front of or behind the common triangle. /ey calculated the
constraint weight based on constrained triangular facets and
the normal vector of triangular mesh vertex and calculated the
quality weight by using the quality term wij � Wqual × (1 −

min cosφ, cosψ ) proposed by Labatut et al. [37] (Wqual > 0, φ
and ψ are angles of the common triangles of adjacent tetra-
hedra and circumscribed spheres of tetrahedron), so as to
obtain the relevant mesh S1 with the constrained triangle lo-
cated on the surface. /en, they removed the extra Steiner
points to obtain the surface S2 and used the common edge of
overlapping and nonoverlapping areas to cut surface S2 to
obtain the triangular mesh that could eventually be seamlessly
joined with the mesh of nonoverlapping areas.

3. Mesh Reconstruction Pipeline

/e basic principle of divide and conquer idea is to de-
compose a problem into smaller subproblems, which are
independent of each other and have the same properties as
the original problem. By finding the solution of the sub-
problems, the solution to the original problem can be ob-
tained. /is paper proposes a surface reconstruction
algorithm for processing large-scale point cloud data based
on the idea of divide and conquer./e basic idea is to use the
spatial data structure to reduce the number of point clouds
processed by the computer at one time and reduce the
memory usage of the computer. /e overall flow of the
surface reconstruction algorithm for large-scale point cloud
based on kd-tree is shown in Figure 3.

(a) (b)

Figure 1: Schematic diagram of piecewise linear system. (a) PLS sample, (b) Delaunay triangulation of PLS.
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Figure 2: Constraint Delaunay criterion.
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3.1. Kd-Tree Index Construction. Delaunay triangulation of
non-uniformly distributed point cloud data takes longer
CPU time than uniformly distributed point cloud data, and
Delaunay triangulation of non-uniformly distributed point
cloud data may cause the existence of long thin tetrahedrons
[44]. /ese long thin tetrahedrons need to be deleted and
reconstructed, which wastes a lot of time./erefore, in order
to improve the efficiency of mesh reconstruction, it is
necessary to divide large-scale point cloud data into uniform
and evenly distributed subpoint clouds.

/e large-scale point cloud data is divided according to
the traditional grid rules. It is difficult to ensure the uniform
distribution of point cloud data between grids after partition
(as shown in Figure 4(a)), which challenges the mesh re-
construction of point cloud and mesh merging. To solve this
problem, kd-tree is used to divide the point cloud data
uniformly and iteratively based on the long axis of the

bounding rectangle of the partitioned point cloud. /e
bounding rectangle of divided point cloud data is recalcu-
lated before each division, so that the original point cloud is
divided into multi-block point cloud data with consistent
number and uniform distribution. /e division result is
shown in Figure 4(b). /e basic process of creating kd-tree
index is to take 3D point cloud data as the root node, divide
point cloud data into two equally distributed groups
according to the long axis of the bounding rectangle of point
cloud data in each division, and divide iteratively until the
point cloud number of a single leaf node is less than a
threshold. /e specific process of kd-tree index construction
is shown in Figure 5. Assume that the points number of
point cloud dataset P is N, and the upper threshold of the
minimum point cloud subset Pi is set to m./e threshold m

is manually set, which is limited by the maximum number of
point clouds that the computer’s memory can handle. Kd-

Input data: 3D point cloud

Set the maximum threshold of the
number of point clouds for

computer memory processing

Kd tree index construction

Determine the long axis of the
point cloud in memory

Determine the long axis of the
point cloud in external storage

Surface reconstruction based on multi-core parallel

3D Delaunay triangulation of left
node 1

3D Delaunay triangulation of left
node t

Less than the
threshold

Greater than the
threshold

PLS constraint creation

Constrained Delaunay
tetrahedralization

Mesh extraction using graph cut
algorithm

Based
on

TetGen

Based on
maxflow

Nonoverlapping
area mesh
output to
external
storage

Nonoverlapping
area mesh
output to
external
storage

Proc-
essing

in
mem-

ory

Mesh stitching

Mesh reconstruction of overlapping regions

PLS-based mesh merging

Mesh output

Divide point cloud data in memory

Based on CGAL

Figure 3: Algorithm flow chart.
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tree index is adopted to evenly divide point cloud data into
t � ceil(N/m) point sets (ceil() is an up-round function).

An example of creating a kd-tree index of point cloud is
shown in Figure 6. /e specific steps of the algorithm are as
follows:

Step 1: Calculate the minimum bounding rectangle of
the point cloud in X-Y plane and divide the point cloud
data uniformly according to the long axis of its min-
imum bounding rectangle. Firstly, r1 and r2 are
computed, where r1 � ceil(t/2) and r2 � t − r1 are,
respectively, the number of subsets contained in the left
leaf node and the right leaf node. /en, the long axis of
the point cloud bounding rectangle is determined.
When x-axis of the bounding rectangle is longer than y-
axis, the points are sorted fromminimum to maximum
by x-coordinate, and the point cloud is vertically di-
vided on the x-axis by the i-th (i � r1 × m) point.

Similarly, when the y-axis is longer than the x-axis, the
point cloud is vertically divided on the y-axis.
Step 2: After the division, the point cloud data of the
parent node is deleted. /e number of points in the left
leaf node is i � r1 × m, and the number of points in the
right leaf node is n2 � N − n1. /en, it is determined
whether the number of points in each leaf node after
division is less than the threshold m. If the condition is
true, the point cloud data in the leaf node is exported.
Otherwise, repeat the above operations on the divided
subset of point cloud and loop until the number of
points in each leaf node is less than or equal to m.
Step 3: In order to avoid the boundary effect of local
surface reconstruction, external boundary points are
added to the divided point cloud. Set the number of
point clouds in the overlapping area of the boundary (the
number of overlapping point clouds in the experiment is
m/10), traverse each leaf node and adjacent leaf nodes,
and divide qualified points into each leaf node.

In order to reduce the usage of computer memory during
the kd-tree index construction of large-scale point cloud, the
maximum threshold of the number of point clouds pro-
cessed by kd tree in computer memory is set. When the
number of points is larger than the threshold, the long axis of
the point cloud is determined in the external storage. /e
data is temporarily recalled during the point cloud parti-
tioning process, and the leaf node data is stored in the
corresponding file only after the index is built.

3.2. Surface Reconstruction. As the incremental insertion
algorithm in 3DDelaunay triangulation is easy to implement
and occupies less computer memory, this paper uses the 3D
Delaunay incremental insertion algorithm based on multi-
core parallel computing to reconstruct mesh of point cloud
in each leaf node after kd-tree index construction. /e main
steps of the algorithm are as follows:

Step 1: Construct an initial cuboid which contains all
three-dimensional point cloud data and record the
vertices of the cuboid. Connect any four vertices on the
cuboid that can form a tetrahedron, and construct
multiple initial Delaunay tetrahedrons in the cuboid.
Step 2: For the newly inserted three-dimensional point
p, identify and find all tetrahedrons with the circum-
scribed ball containing p, delete these tetrahedrons, and
preserve the boundaries of these tetrahedrons to gen-
erate Delaunay cavity polyhedron.
Step 3: A new tetrahedron is formed by connecting p to
the vertices of the boundary of the cavity polyhedron.
/e validity of the new tetrahedron with p as the vertex
was verified according to the 3D Delaunay Circum-
sphere Claim (hollow sphere criterion), the new tet-
rahedron was finally determined, and the adjacency
relationship of the tetrahedron was updated.
Step 4: Repeat the above steps until all points are
inserted, remove the tetrahedron related to the vertex of
the original cuboid, and extract the triangular mesh.

(a) (b)

Figure 4: Schematic diagram of point cloud division. (a) Regular
grid division, (b) Kd-tree division.

n ≤ m
Yes

No

Calculate long axis
of the minimum

bounding rectangle

Point cloud
coordinate ordering

KD tree division

File output
node by node

End

Enter point cloud
data P, threshold m

Start

Figure 5: Kd-tree build flow chart (where n is the points number in
a node, and its initial value is N; the threshold m refers to the upper
threshold of the minimum point cloud subset).
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3.3. PLS-Based Mesh Merging. After conducting surface
reconstruction for every point cloud set, multiple triangu-
lated irregular network models can be obtained. Due to the
redundancy of triangles in overlapping regions among these
triangular mesh models, it is necessary to perform mesh
reconstruction on the triangular mesh of the overlapping
regions. /e mesh merging algorithm of multiple blocks
mesh is realized based on the method proposed by Vu [16].
In their paper, collision detection is performed on triangular
mesh with overlapping regions, and the mesh vertices of the
overlapping regions and the triangular ring of nonover-
lapping regions adjacent to the overlapping regions are
extracted as PLS [17]. /e constrained Delaunay tetra-
hedralization [31] and graph cut algorithm [38] performed
mesh reconstruction on the overlapping region and realized
the mesh merging with triangulation of the nonoverlapping
region. Taking Dragon’s laser point cloud data as an ex-
ample, the mesh merging process is shown in Figure 7.

Step 1: overlapping areas detection. Assume that a
triangle ΔABC in the triangular mesh model will be
merged; construct its outer bounding ball B � (G, r),
where the center G of the sphere is the centroid of
ΔABC, and the radius r is calculated as follows:

r � k × max GA, GB, GC{ }, k> 1, (3)

where k is the empirical weight and its value corresponds
to the detection quality of overlapping areas of the
triangular meshmodel. In this paper, k � 1.1 is taken. By
constructing the outer bounding spheres of triangular
surfaces inmeshmodels of different leaf nodes and using
kd-tree to accelerate the collision detection of outer
bounding spheres, the intersection of outer bounding
spheres can be obtained. /e set of mesh triangles

corresponding to the outer bounding sphere with in-
tersection is the overlapping region of the mesh models.
Step 2: the creation of PLS constraint. After overlap
detection, the triangular mesh in the overlapped region is
extracted./e triangular mesh ring R1 of nonoverlapping
regions which are adjacent to overlapping mesh regions
with common mesh vertices and an indirectly adjacent
triangular mesh ring R2 were extracted (R1 and R2 are
collectively referred to as R). R1 was used to create PLS
and R2 was used for merging mesh, as shown in
Figure 7(d). In order to reduce memory usage, the mesh
of the overlapping area and triangular mesh rings R are
stored in the memory; the remaining mesh of non-
overlapping areas is saved in external storage, which is
only used in the last stitching step. PLS were created by
eliminating triangular mesh in overlapping regions,
extracting mesh vertices in overlapping regions, and
detecting and eliminating self-intersecting mesh triangles
in triangle ring R. It includes mesh vertices in overlapping
regions and triangle ring R in nonoverlapping regions.
Step 3: mesh reconstruction of overlapping regions.
According to the PLS constraint created in Step 2, the
constrained Delaunay tetrahedralization is constructed
by using TetGen [31] to reconstruct the constrained
Delaunay tetrahedron; the triangulation of the over-
lapping region is extracted from the constrained
Delaunay tetrahedron by the graph cut algorithm.
Step 4: merging mesh. Since the triangular mesh of
overlapped regions and the triangular mesh rings of
adjacent non-overlapped regions have common
boundaries and vertices after mesh reconstruction, the
complete triangular mesh can be generated only by
splicing them together with the remaining mesh of
non-overlapped regions in the external storage.

L0 L1

L2

L0: the first layer
L1: the second layer
L2: the third layer
D0: the addition of overlapping area
�e red dot: overlapping point

D0

Figure 6: Point cloud kd-tree division (N� 27, m� 5 as an example).
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4. Experimental Results

In this paper, C++, the Computational Geometry Algo-
rithms Library (CGAL) [46], TetGen [31], and maxflow [32]
are used to implement a large-scale point cloud recon-
struction code. In order to verify the effectiveness and ap-
plicability of the algorithm, firstly, seven point cloud datasets
with different amounts are used to compare the time and
memory of the algorithm in this paper with the classical Ball-
Pivoting algorithm [5] and the state-of-the-art Restricted
Voronoi Cells in Parallel (RVCP) algorithm proposed by
Boltcheva and Lévy [20], which are both popular Delaunay
triangulation algorithms in mesh reconstruction. And the
100-million-point cloud was conducted as qualitative
analysis of mesh reconstruction and mesh merging. /e
number of point clouds in the seven datasets is 1 million, 5
million, 7 million, 10 million, 20 million, 50 million, and 100
million, respectively. /en, the algorithm in this paper is
compared with Ball-Pivoting and RVCP algorithm in terms
of mesh accuracy and completeness. Finally, three different
types of point cloud datasets are used to evaluate the ap-
plicability of the algorithm: the dataset of Buddha statue with
simple structure, the dataset of large indoor scene, and the
dataset of complex ancient buildings.

4.1. =e Qualitative Analysis. Seven sets of point cloud data
of 1 million, 5 million, 7 million, 10 million, 20 million, 50
million, and 100 million are used to compare the mesh
reconstruction time and peak memory of the proposed al-
gorithm with Ball-Pivoting and RVCP algorithm, so as to
verify the mesh construction efficiency of the proposed
algorithm. And the performance of the algorithm in this
paper is analyzed in detail with a 100-million-point cloud.

/e time consumption and space consumption of the
proposed algorithm mainly include kd-tree construction,
surface reconstruction, and mesh merging. /erefore, the
total time complexity of the algorithm is

O(n1 × t) + O(n1) + O(n2 × (t − 1)), where n1 is the number
of vertices, t is the number of blocks in the point cloud, and
n2 is the number of mesh cells. And the total space com-
plexity of the algorithm is 2O(n1) + O(n2). /e time
complexity and space complexity of the algorithm in this
paper are both linear. Since the time complexity and space
complexity of the Ball-Pivoting algorithm are also linear [5],
and we cannot determine the complexity of the RVCP al-
gorithm, the memory usage and time consumption of each
algorithm are recorded to compare the execution efficiency
of the algorithm. Figure 8 shows the variation trend of time
and memory with the number of point clouds in the 3D
surface reconstruction process of the three algorithms.
Figure 8(a) shows the time consumption of each algorithm
in the mesh reconstruction of seven point cloud datasets,
and Figure 8(b) shows the peak computer memory when
each algorithm processes different amounts of point cloud
data.

As can be seen from Figure 8, the Ball-Pivoting algo-
rithm can process millions of point cloud data quickly with
lower memory, but the algorithm does not support the
reconstruction of more than 20-million-point cloud data.
/e algorithm proposed in this paper and RVCP algorithm
can handle hundreds of millions of point cloud data, and the
time consumption of the algorithm proposed in this paper is
basically the same as that of RVCP algorithm and Ball-
Pivoting algorithm in processing millions of point cloud
data. When processing more than 20-million-point cloud
data, the time consumption of the algorithm in this paper is
better than RVCP algorithm proposed by Boltcheva et al. As
can be seen from Figure 8(b), the memory occupation of the
proposed algorithm is approximately linearly related to the
number of point clouds; when processing 100-million-point
cloud data, the memory usage of RVCP algorithm exceeds
14GB, while the memory usage of the proposed algorithm is
less than 10GB./e memory occupation of the algorithm in
this paper is obviously better than RVCP algorithm. Figure 8
shows that the proposed algorithm can achieve efficient 3D

(a) (b) (c)

(d) (e) (f)

Figure 7: Schematic diagram of meshmerging. (a) Input mesh 1, (b) Input mesh 2, (c) detection of overlapping area, (d) the creation of PLS,
(e) mesh reconstruction of overlapping regions, (f ) mesh merging.
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modeling of large-scale point clouds (100-million-level) with
lower computer memory.

In order to further test the performance of the algorithm
in this paper, a group of point cloud data of an urban area in
HeFei was selected for testing. /e point cloud data was
produced from UAV tilt images, which contained
102,116,723 points in total. /e algorithm in this paper is
used to carry out mesh reconstruction of the point cloud
data, and the threshold value m� 200,000 is manually set
arbitrarily according to the amount of point cloud data that
the computer can process, thus dividing the point cloud into
32 equal blocks. /e result of the surface reconstruction is
shown in Figure 9. Figure 9(a) shows the point cloud data
indexed by kd-tree. Figure 9(b) shows the reconstruction
results for point clouds in leaf nodes of kd-tree; the green
line represents the boundary of meshes with overlapping
area. Figure 9(c) shows the results of mesh merging. As
shown in Figure 9, the algorithm in this paper can also
maintain the shape characteristics of buildings in urban
areas by constructing a mesh of 100-million-point cloud.

In order to intuitively demonstrate the effect of mesh
merging algorithm, an overlapping area of urban data in
HeFei was extracted for amplification display, as shown in
Figure 10. /e left graph in Figure 10 is the overlapping area
of the point cloud, the middle graph in Figure 10 shows the
mesh of overlapped area after surface reconstruction of two
blocks divided by kd-tree, and the right graph in Figure 10
shows the mesh merging in the overlapping regions.
According to the magnification and comparison of local
overlapping regions shown in Figure 10, it is further verified
that the mesh reconstruction pipeline can effectively elim-
inate mesh redundancy in overlapping regions and achieve
high-quality mesh merging.

4.2. =e Quantitative Analysis. In this paper, the DTU
dataset [47] is used to evaluate the mesh reconstruction
accuracy of the proposed algorithm, Ball-Pivoting algo-
rithm, and RVCP algorithm./e DTU dataset is a collection

of datasets for multi-view stereo evaluation and can also be
used to evaluate the quality of mesh reconstruction, which
consists of 124 small scenes. Each scene contains 49/69 RGB
images captured by a camera in a structured light scanner
and a corresponding structured light scanning point cloud.

/e structured light scanning point cloud data of scene 4,
scene 43, and scene 48 in the DTU dataset are, respectively,
reconstructed by our method, the Ball-Pivoting, and RVCP
algorithm. According to precision evaluation method of
mesh reconstruction proposed in literature [47], the accu-
racy and completeness comparison of surface reconstruction
results was conducted. /e point cloud data of DTU dataset
is shown in Figure 11, and the evaluated visualization results
are shown in Figure 12.

In Figure 12, white dots indicate points where the dis-
tance error from structured light scanning point cloud is
0–10mm, red dots indicate points where the distance error is
beyond the threshold, and blue and green dots indicate
points that are not involved in the calculation. As can be seen
from Figure 12, the red area using our algorithm is less than
RVCP algorithm in terms of mesh accuracy but slightly
more than Ball-Pivoting algorithm. However, Ball-Pivoting
algorithm cannot process point cloud data of 20 million or
more according to Section 4.1. Our algorithm is slightly
better than Ball-Pivoting algorithm and RVCP algorithm in
terms of mesh completeness.

In order to further demonstrate the differences of three
algorithms in terms of mesh reconstruction accuracy, the
mean distance errors between the mesh and the structured
light scanning point cloud are, respectively, calculated, and
the results are shown in Table 1. It can be seen that our
algorithm and RVCP algorithm are better than the Ball-
Pivoting algorithm in terms of mesh completeness, and the
mesh completeness after the evaluation of surface recon-
struction using our algorithm is slightly improved compared
with RVCP algorithm. /e mesh reconstruction accuracy of
the algorithm in this paper is slightly inferior to that of Ball-
Pivoting algorithm in general, but it has certain advantages
compared to the RVCP algorithm for large-scale point cloud
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Figure 8: Comparison of experimental results of different amounts of point clouds. (a) Time consumption comparison, (b) memory usage
comparison.
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data. /is indicates that the proposed algorithm has better
accuracy of surface reconstruction than RVCP algorithm
and is more suitable than Ball-Pivoting algorithm for large-
scale point cloud data.

4.3. Algorithm Applicability. In order to verify the effec-
tiveness of the proposed algorithm in point cloud parti-
tioning, mesh reconstruction, and mesh merging, three
groups of point cloud data with different types are used to
evaluate the applicability of the algorithm. /ey are, re-
spectively, two point cloud datasets generated by Carl
Olsson’s image dataset which contains “Buddha Statue” and
the large indoor scene “Eglise du dome (interior)” [48, 49]
and the point cloud data for complex models generated by
the image dataset “Fayu temple on mount Puto” provided by
National Laboratory of Pattern Recognition in China [50].

/ree groups of point cloud data are reconstructed by
using our algorithm. /e time consumption of each module
of the algorithm and the peak memory of the whole mesh
reconstruction process are counted, respectively. /e visu-
alization results of point cloud segmentation and mesh
merging are shown in Figure 13, and the statistical results of
time and memory are shown in Table 2. It can be seen from
Table 2 that, when processing data of “Fayu temple on
mount Puto” with the largest number of point clouds, our

algorithm takes less than 6 minutes and consumes less than
6.5GB of memory. As shown in Figure 13, our algorithm is
used to reconstruct mesh of point cloud data such as
sculptures, large indoor scenes, and complex buildings with
good visualization results.

In summary, the time and space efficiency of the al-
gorithm proposed in this paper are better than the RVCP
algorithm. And compared with the Ball-Pivoting algo-
rithm, it can better achieve mesh reconstruction of large-
scale point cloud data. When processing point cloud data
with 100 million datasets, the proposed method takes up
less than 10GB of memory. In terms of mesh recon-
struction quality, the mesh reconstruction accuracy of the
proposed method is significantly better than the RVCP
algorithm. In terms of algorithm applicability, the pro-
posed method shows good performance in large-scene
indoor dataset, complex structure ancient building dataset,
and simple structure Buddhist dataset. /e proposed al-
gorithm has certain advantages in memory and time
consumption and accuracy of mesh reconstruction and is
suitable for mesh reconstruction of point cloud data with
different types, such as sculptures, large scenes, and
complex buildings. /erefore, the algorithm proposed in
this paper has certain validity and applicability in pro-
cessing large-scale point cloud data.

(a) (b) (c)

Figure 9: Mesh reconstruction of HeFei dataset.

(a) (b) (c)

Figure 10: Schematic diagram of mesh merging in overlapping area. (a) point cloud after division, (b) mesh reconstruction of two blocks,
and (c) mesh merging.

(a) (b) (c)

Figure 11: Scan data of DTU dataset. (a) Scene 4, (b) scene 43, (c) scene 48.
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Table 1: Accuracy evaluation results of mesh reconstruction of DTU dataset.

Scene Ours Ball-Pivoting RVCP

Mean acc(mm)
Scene 4 29.133 8.173 30.380
Scene 43 13.983 14.220 14.852
Scene 48 30.784 15.238 31.097

Mean com (mm)
Scene 4 5.851 6.149 5.854
Scene 43 4.479 4.589 4.485
Scene 48 6.643 7.507 6.645

Ball-Pivoting RVCP Ours Ball-Pivoting RVCP

(a) (b)

Ours

Figure 12: Accuracy and completeness evaluation results of mesh reconstruction of DTU dataset. (a) Accuracy evaluation, (b) completeness
evaluation.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 13: Visualization results of algorithm applicability experiment. (a) Image of Buddha Statue, (b) Kd-tree index construction of
Buddha Statue, (c) mesh merging of Buddha Statue, (d) internal image of Eglise du dome, (e) Kd-tree index construction of Eglise du dome,
(f ) mesh merging of Eglise du dome, (g) image of Fayu temple, (h) Kd-tree index construction of Fayu temple, (i) mesh merging of Fayu
temple.
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5. Conclusion

Aiming to alleviate the problems of large memory occu-
pation and long time in the process of 3D surface recon-
struction of large-scale point clouds, the algorithm of mesh
reconstruction has been proposed in this paper for 3D
Delaunay triangulation of large-scale point clouds of more
than 100 million points using a personal computer.
According to the set point cloud minimum thresholdm, the
point clouds are adaptively divided into approximately
uniform blocks which have an equal number of points;
points of each block are triangulated by the multi-core
parallel incremental insertion, step by step, until Delaunay
triangulation of each block of points is realized. /e con-
strained Delaunay triangulation and graph cut are used in
the final mesh merging to generate the final 3D geometric
model effectively. Based on the idea of divide and conquer,
there is no issue in efficiently realizing the 3D reconstruction
of clouds with billions of points by PCs with limited
memory.

/e experimental environment is Intel(R) Core(TM) i7-
7700K CPU @ 4.20GHz, eight cores with 16GB of memory,
and the operating system isWindows 10. Compared with the
traditional Delaunay triangulation algorithm of Ball-Piv-
oting algorithm, the algorithm in this paper is not as effective
in terms of the accuracy of mesh reconstruction, but it is
suitable for processing point cloud data with hundreds of
millions of points. Compared with the state-of-the-art
methods proposed by Boltcheva and Lévy, the efficiency of
the algorithm in this paper is significantly better than RVCP
algorithm when dealing with 20 million or more points.
Moreover, when dealing with point cloud data with 100
million points, the memory occupation of the algorithm is
4GB less than RVCP algorithm. /e memory occupation
and the number of point clouds are linear in the whole
process of the mesh reconstruction pipeline. /us, the ac-
curacy of the method proposed by this paper is better than
the RVCP algorithm. /e performance of the proposed
method has also been tested on different types of point
clouds. For urban point clouds with 100 million points, the
performance of the algorithm can still be maintained and all
models in this paper can maintain their detailed charac-
teristics. /e results of this study can provide some evidence
that the proposed algorithm can reduce memory con-
sumption and reconstruct 3D surface models quickly with
high quality.

Observing the time consumption and memory usage in
the different steps of the method, the point cloud division
and mesh merging domain are the core of the algorithm.

However, the outliers of point clouds need to be removed
before the creation of kd-tree index due to the characteristics
of incremental insertion algorithm; it also needs more time
for preprocessing. Additionally, the implementation of hole
fillings is not performed in this study. For future work, the
goal is to realize hole-free mesh reconstruction of large-scale
point cloud data more rapidly.
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